Accurate motor performance may depend on the scaling of distinct oscillatory activity within the motor cortex and effective neural communication between the motor cortex and other brain areas. Oscillatory activity within the beta-band (13-30 Hz) has been suggested to provide distinct functional roles for attention and sensorimotor control, yet it remains unclear how beta-band and other oscillatory activity within and between cortical regions is coordinated to enhance motor performance. We explore this open issue by simultaneously measuring highdensity cortical activity and elbow flexor and extensor neuromuscular activity during ballistic movements, and manipulating error using high and low visual gain across three target distances. Compared with low visual gain, high visual gain decreased movement errors at each distance. Group analyses in 3D source-space revealed increased theta-, alpha-, and beta-band desynchronization of the contralateral motor cortex and medial parietal cortex in high visual gain conditions and this corresponded to reduced movement error. Dynamic causal modeling was used to compute connectivity between motor cortex and parietal cortex. Analyses revealed that gain affected the directionally-specific connectivity across broadband frequencies from parietal to sensorimotor cortex but not from sensorimotor cortex to parietal cortex. These new findings provide support for the interpretation that broad-band oscillations in theta, alpha, and beta frequency bands within sensorimotor and parietal cortex coordinate to facilitate accurate upper limb movement. Summary statement: Our findings establish a link between sensorimotor oscillations in the context of online motor performance in common source space across subjects. Specifically, the extent and distinct role of medial parietal cortex to sensorimotor beta connectivity and local domain broadband activity combine in a time and frequency manner to assist ballistic movements. These findings can serve as a model to examine whether similar source space EEG dynamics exhibit different time-frequency changes in individuals with neurological disorders that cause movement errors.
Introduction
Errors during movement have been studied empirically for the past two centuries (Meyer et al., 1988; Schmidt et al., 1979; Shadmehr et al., 2010; Woodworth, 1899) , and it is evident from this literature that minimizing error depends on feedback loops that rely upon both external and internal feedback (Desmurget and Grafton, 2000; Miall, 1996) . In the human motor system, a key source of external feedback is visual information, and studies have consistently shown that amplifying the gain of visual feedback improves motor performance by reducing errors during tasks such as drawing, force control, and arm pointing (Contreras-Vidal et al., 2002; Newell and Chew, 1975; Seidler et al., 2001; Sosnoff and Newell, 2005) . Despite clear evidence that enhancing visual information about desired task-goals leads to improved motor performance, it is less clear what role cortical dynamics and connectivity observed within the cortex plays in this process.
There is ample evidence across numerous research modalities that the motor and parietal cortex are intricately and cooperatively involved in visually guided motor control (Caminiti et al., 1996; Clower et al., 1996; Dipietro et al., 2014; Jeannerod et al., 1995) . Classic work showed that neurons in area 7 of the monkey respond during reaching movements to visual stimuli (Mountcastle et al., 1975 transcranial magnetic stimulation of the posterior parietal cortex has been used to disrupt visually guided reaching movements (DellaMaggiore et al., 2004; Desmurget et al., 1999) . Neuroimaging in humans confirmed the role of both the motor cortex and parietal cortex in visually-guided motor control (Ellermann et al., 1998; Hamzei et al., 2002; Vaillancourt et al., 2003) , and event-related potentials from the frontoparietal network measured using electroencephalography have been shown to correspond with sub-movements during visually-guided upper limb movements (Dipietro et al., 2014) .
With regard to oscillatory activity in the motor cortex and parietal cortex, prior studies have examined oscillations at specific electrodes and reported event-related changes in spectral power in the beta-band that are specific to the stage of movement (Allen and MacKinnon, 2010; Kilavik et al., 2013; Pfurtscheller et al., 1994) . Movement-related beta-band oscillations over the bilateral motor cortex exhibit a sharp decrease in spectral power at the beginning of a movement (Cruikshank et al., 2012; Gwin and Ferris, 2012; Kilavik et al., 2013; Pastötter et al., 2012) and beta-band activity increases near the end of the movement and was related to overall movement time (Ofori et al., 2015) . In addition, Tan et al. (2014) have shown increased beta-band activity (post-movement event-related synchronization) following movements with small errors and decreased beta-band activity following movements with large errors.
Beta-band activity has also been shown to play a role in attentional processes (Sauseng and Klimesch, 2008; Wróbel et al., 2007) . For instance, in the context of online motor control, attending to visual information about a task may also rely on beta-band causal influences from parietal areas. Recent studies have shown that increased sensory processing during behavioral tasks is dependent on the strength of parietal connections with frontal and sensorimotor areas (Akam and Kullmann, 2014; Hillebrand et al., 2012) . However, it is difficult to distinguish attention-related processes from sensorimotor control (Engel and Fries, 2010) . Recent work suggests that beta-band activity functions to enhance gain of feedback loops at subsequent stages of visual information processing (Gola et al., 2013) . Here we test the hypothesis that high visual feedback gain will reduce movement errors, enhance movement related beta-band desynchronization in the motor cortex, and alter directionally-specific connectivity between the parietal cortex and motor cortex.
Materials and methods

Subjects
Sixteen participants (mean age: 29.4 ± 3.8 yrs.; 6 females) were recruited for this study. All participants were young healthy righthanded individuals with normal or corrected vision. Participants were asked to refrain from consuming caffeine and using any hair products on the day of testing. Prior to experimental testing, participants provided informed consent. This experimental study was approved by the local Institutional Review Board.
Experimental design and task
The experimental setup for the movement task was similar to prior work (Ofori et al., 2015) . Participants sat upright in a chair with their right arm supported against a cantilever beam attached to a custommade manipulandum. Fig. 1A depicts the general experimental procedures for the task sessions. Participants were instructed to perform rapid and accurate arm movements by flexing the elbow to 3 target angles (12°, 36°, and 72°) under two feedback conditions (low and high visual gain) while the experimenters monitored physiological and kinematic data (Fig. 1A) . Visual feedback about the participants' angular position was provided to the participant through a 30″ computer monitor (Dell UltraSharp U3011, Dell Co, Round Rock, TX).
As Fig. 1 illustrates, the target location is depicted with a solid green H character, the start position is depicted with a solid gray H character, and a yellow X cursor depicts the current participant position. Visual gain was manipulated by changing the distance between the start and target position on the computer monitor. The high visual gain condition (17 cm/6°) resulted in the distance between the start and target positions on the monitor to appear 25 times farther than the distance in the low visual gain condition (0.68 cm/6°). The time allotted for each trial was 12 s. For the first 3 s of a trial, the participants' right arm was at the start position. Then for the next 4 s, the participants were asked to use their elbow flexors to move the manipulandum to the required distance as fast and accurately as possible after the participants heard the first 400 Hz auditory cue, and to keep the cursor in the middle of the target before the second auditory cue. Next, the participants heard a second auditory tone that cued them to return to the start position, and this period lasted 5 seconds. Only the first 7 s of the 12 s interval was analyzed. The experimental design resulted in 6 distinct conditions which include: 1) high visual gain feedback in short distance (12°target), 2) low visual gain feedback in short distance (12°target), 3) high visual gain feedback in medium distance (36°target), 4) low visual gain feedback in medium distance (36°target), 5) high visual gain feedback in long distance (72°target), and 6) low visual gain feedback in long distance (72°target). All participants performed 50 trials for each unique condition in a blocked design for a total of 300 trials. Block order was randomized across participants.
Data acquisition
The MotionMonitor (Innovative Sports Training, Inc., Chicago, IL) system was configured to synchronize data in real time from electromyography (EMG), electroencephalography (EEG), and kinematic systems using an analogue sync pulse. The sync pulse was an analogue signal delivered to each data collection device, and all collected through the MotionMonitor software that was subsequently time-synced using the common analogue signal.
Kinematic data acquisition
The kinematic data were collected with an angular displacement transducer. The transducer was mounted at the axis of rotation of the manipulandum. An excitation voltage of 16 V from a Leader LPS-152 DC Tracking Power Supply (Advanced Test Equipment Rentals, San Diego, CA) that was used to power the angular displacement transducer. The displacement data were transmitted via a 16-bit A/D converter and digitized at 1000 Hz using a USB-1616HS-BNC A/D board (Measurement Computing, Norton, MA).
EMG data acquisition
EMG data were collected with the Delsys Trigno Wireless System (Delsys Inc., Boston, MA). Participants were prepped by rubbing the desired locations on the right arm with alcohol. Four channels were used to measure electrophysiological activity from the muscle. The wireless EMG electrodes were placed at four locations on the participant's right arm. The four locations were the biceps brachii, brachioradialis, triceps lateral head and triceps long head. The EMG data were sampled at 1000 Hz.
EEG data acquisition
EEG data were collected with the ActiveTwo system that was comprised of 128 Ag-AgCl Active Two electrodes. The active electrodes were connected to a cap that was in a preconfigured montage covering the entire scalp. The signals were amplified through the electrodes at the source and had an output impedance of < 1 Ω.
EEG signals were digitally amplified at DC and sampled at 2048 Hz. Electrical potentials were recorded between each electrode and Common Mode Sense (CMS) active electrode and Driven Right Leg (DRL) passive electrode located at the center of the scalp in relation to all other electrodes. The CMS and DRL electrodes were used to drive the average potential of the subject as close as possible to the AD-box reference potential electrode. The electrode offsets, a running average of the voltage measured between the CMS and each active electrode, were evaluated before the start of each condition and during data collection to be within the acceptable range of 40 µV. The electrode offset served as an indirect measure of impedance tolerance. To ensure that a stable and high quality signal was recorded from each active electrode throughout the recording session, the electrode offset was monitored.
Data processing and analysis
All behavioral and electrophysiological data were imported into MATLAB 2014 (The Mathworks, Natick, MA). Angular position data were lowpass filtered at 30 Hz (Butterworth 4th order dual pass). Velocity and acceleration were obtained based on the differential of the angular position signal.
Two movement phases were identified: movement onset phase and post ballistic movement (PBM) phase. The movement onset was determined from the acceleration data. This was accomplished by searching backwards from peak acceleration until the acceleration data were 5% of the peak acceleration. The start of post ballistic movement (PBM) phase was defined as the first zero velocity after peak velocity. The PBM phase duration was defined as 2 s from the start of PBM phase.
Kinematic analysis
Kinematic data were comprised of peak displacement, peak velocity, peak acceleration, time to peak velocity, time to peak acceleration, and time to peak deceleration during the movement onset phase. Task performance data was assessed with Root Mean Square Error (RMSE), standard deviation of angular displacement (SD), number of zerocrossings of acceleration data, zero-crossing start time, and average acceleration during the PBM phase over a 2 s period. RMSE of angular displacement during the PBM phase was computed similar to a measure of SD but the target was used as the reference instead of the mean. SD was defined as the standard deviation of angular displacement during the PBM phase. The number of zero-crossings was quantified by the number of changes in the direction of acceleration during the PBM phase. Zero-crossing start time was computed as the first zero velocity after peak velocity (i.e., beginning of the PBM phase). The average acceleration was computed as the average of the absolute value of acceleration.
EMG analysis
EMG data were highpass filtered at 2 Hz (Butterworth 4th order dual pass) to remove the DC offset, rectified, and then lowpass filtered at 50 Hz (Butterworth 2 th order dual pass). Mean EMG for each muscle group (i.e., biceps, brachioradialis, triceps lateral head and triceps long head) was computed during the PBM phase (Fig. 1B) .
EEG preprocessing
EEG data were processed using custom routines based on EEGLAB used in previous work (Ofori et al., 2015) . First, EEG data were bandpass filtered between 1 and 70 Hz. EEG data underwent a channel interpolation procedure for EEG channels with large fluctuations ( > 4 SD). On average, two channels per trial per subject were interpolated. The EEG signals were then re-referenced to the global average of all EEG channels. EEG data epochs were extracted from 1 s before movement onset to 3 s after movement onset for all trials. EEG data was prepared for further analysis by concatenating all epochs within each condition within each participant. The concatenated data were decomposed using independent component analysis (ICA).
EEG source localization
Infomax ICA using EEGLAB routines decomposed the data into independent components for each individual. DIPFIT functions within EEGLAB were used to compute an equivalent current dipole model that best explained the scalp topography of each independent component. Each dipole was identified through a finite element spherical head model from Brain Electrical Source Analysis [BESA (BESA GmbH, Grafelfing, GE)]. We localized the electrodes using a preconfigured montage from the subjects published in previous work (Poon et al., 2012) . In the previous work, we used a digitization apparatus to identify Cartesian and polar coordinates of the subjects for the 128 electrode montage. The digitization apparatus for 3D digitization used in previous work was the Polhemus Patriot (Polhemus, Colchester, Vermont). The digitized electrode locations were aligned with the head and then these coordinates were converted to normalized Montreal Neurological Institute (MNI) space. Independent components were excluded if the projection of the equivalent current dipole to the scalp accounted for more than 10% of the residual variance, was outside of the brain, or if the time-course, spectra, and topography of ICs were reflective of eye movement or electromyography artifact (Ofori et al., 2015) .
EEG measure projection analysis
Measure projection analysis (MPA) is a statistical method for characterizing the localization and consistency of EEG measures across sessions of EEG recordings (Bigdely-Shamlo et al., 2013) . It allows the use of EEG as a 3D cortical imaging modality with near-cm scale spatial resolution. MPA identifies domains and defines anatomical regions of interest (ROIs) and finds ratios of domain masses for cortical structures which incorporates the probabilistic atlas of human cortical structures provided by the Laboratory of NeuroImaging (LONI) project (Shattuck et al., 2008) . This procedure clusters domains based on measure specific data from all individual subject IC locations. These domains are identified in a data-driven manner with unique EEG measure (e.g., ERSP) time-frequency features in 3D space. To create the domains, a cubic space grid with 8-mm spacing was situated in the brain volume in MNI space which served as the MPA brain model. Voxels outside the brain model were excluded. Local convergence values were calculated based on the algorithm explained in detail by Bigdely Shamlo et al. (2013) . Local convergence helps deal with the multiple comparisons problem by finding measure similarity of dipoles and comparing them with randomized dipoles. A pair wise IC similarity matrix was constructed by estimating the signed mutual information between independent component-pair event-related power spectral perturbation (ERSP) measure vectors using a Gaussian distribution assumption. Signed mutual information was estimated to improve the spatial smoothness of obtained MPA significance values (BigdelyShamlo et al., 2013) . A significance threshold for convergence at each brain location was obtained by bootstrap statistics. The raw voxel significance threshold was set to p < 0.001, which is based on prior studies in the literature (Bigdely-Shamlo et al., 2013; Misra et al., 2016) .
Within each domain, ERSPs were computed for each condition to identify region-specific and frequency-specific oscillatory activity during the movement. Theta (4-8 Hz), alpha (8-12 Hz), beta (13-30 Hz), and gamma (31-50 Hz) bands were examined. For each identified domain, significant differences in the power at each frequency band (between high and low visual gain conditions and at each of the three distances) were computed by first projecting the ERSP associated with each condition to each voxel in a domain. This produced a projected measure. Next, a weighted-mean measure across all domain voxels was weighted by the dipole density of an individual voxel per participant. The measure was then normalized by the total domain voxel density. Analysis of projected source measures were separated into distinct spatial domains by threshold-based Affinity Propagation clustering based on a similarity matrix of pair-wise correlations between ERSP measure values for each position. For the current study, the maximal exemplar-pair similarity, a parameter that ranges from 0-1.0 was set to a value of 0.8 based on prior work (Bigdely-Shamlo et al., 2013; Ofori et al., 2015) .
EEG connectivity analysis
ICs used for connectivity analysis were selected from domains revealed by MPA analysis. Routines from the SIFT toolbox were used to model the multivariate causal interactions between epoched IC timeseries (Delorme et al., 2011; Iversen et al., 2014) . Specifically, for each subject and condition, ICs were pre-processed with a piecewise detrending method with a segment length of 400 ms and a stepsize of 100 ms to remove drift, followed by a temporal and ensemble normalization. Subject-specific linear vector autoregressive (VAR) models (orders ranging from 20 to 30) were then fit to the multi-trial ensemble, in a 400 ms sliding window with a step size of 50 ms, using the Vieira-Morf lattice algorithm. Subsequently, model validation tests (i.e., autocorrelation and Portmanteau) were conducted to check the residuals of the model for serial and cross-correlation, and the stability of the model of VAR coefficients. The direct directed transfer function with full causal normalization (dDTF) was estimated from the VAR coefficients. The dDTF captures frequency-domain conditional connectivity and reflects only direct causal flows between two signals. The dDTF is a product of partial directed coherence and the full-frequency directed transfer function and denoted by the following equation:
where H(f) is the MVAR transfer matrix and P(f) is the partial coherence at a given frequency. dDTF is similar to conditional spectral Granger causality as it quantifies directionally specific information transfer between source processes at each frequency (Delorme et al., 2011) . Bootstrap resampling was performed to approximate the distribution of the connectivity estimator (i.e., dDTF). Each unique condition for each subject was resampled 200 times. Each unique IC couple representing the domain to domain connectivity for each subject was averaged within subject to generate a unique 1 to 1 time by frequency connectivity matrix to reduce varying dipole dimensionality across subjects. Each individual subject bootstrap estimated dDTF matrix for the parietal to motor areas and motor to parietal areas underwent non-parametric statistical analysis to determine differences across gain.
Statistical analysis
A repeated measures ANOVA was used for the kinematics and EMG variables. If the distribution departed from normality, log transformation was used. We then FDR corrected the p-values at p < 0.05, to control for multiple comparisons (Benjamini and Hochberg, 1995) . For EEG ERSP measures, a non-parametric boostrapped t-test was performed at each distance comparing high gain to low gain. For EEG connectivity measures, a non-parametric boostrapped t-test was performed at each distance comparing high gain to low gain. For both ERSP and connectivity measures, p-values were then FDR corrected to p < 0.05, controlling for multiple comparisons across the whole timefrequency matrix.
Correlation analysis
A Spearman Rho correlation matrix was computed between all subjects and all conditions (16 subjects×6 conditions=96 per timefrequency cell) in the ERSP versus connectivity at each time-frequency cell. The p-values were FDR corrected p < 0.05. A goal also was to determine if there was an association between movement error during the PBM phase and beta-band activity in the two domains. Beta-band ERSP values were extracted in the 13-30 Hz range for 0.5 s after the beginning of the PBM phase. The average beta-band ERSP values were computed across trials, and then the data points for all subjects and conditions (16×6=96) were compared with RMSE. We conducted a Spearman Rho correlation between RMSE and across trials mean betaband ERSP for each domain.
Results
Kinematic data
As expected, significant distance-effects were found on the following variables during the movement onset phase: peak displacement, peak velocity, peak acceleration, peak velocity time, peak acceleration time, and peak deceleration time. The pattern of results across the aforementioned dependent variables mainly indicated that the long distance resulted in faster and longer duration movements (Table 1) . Only peak displacement during the movement onset phase was influenced by visual gain, such that high gain led to shorter movements by approximately 1°at each distance. Since velocity and acceleration during the movement onset phase were not affected by visual gain, these potential mediating factors were minimized in the experiment.
Statistical analysis revealed significant distance-effects on the following variables during the PBM phase (Table 1) : average acceleration, SD of angular position, number of zero-crossings of acceleration, and zero-crossing start time. The pattern of results showed that the long distance was associated of a delayed onset of the PBM phase, increased average acceleration of movement and SD of movement position, and reduced number of zero-crossings (Table 1) .
Statistical analysis revealed significant gain-effects on the following variables during the PBM phase (Table 1) : average acceleration, RMSE of angular position, number of zero-crossings of acceleration, SD of angular position, and zero-crossing start time (Fig. 2) . The results mainly revealed increased movement corrections (i.e., number of zerocrossings and average acceleration) and reduced movement error (i.e., RMSE) and variability (i.e., SD) in the high gain condition compared with the low gain condition.
All distance by gain interaction effects were not significant, with the exception of the SD during the PBM phase. Post hoc paired t-tests at each distance revealed that SD for low visual gain conditions was lower than high visual gain at the short distance (p= 0.003) and medium distance (p=0.015), but not the long distance (p=0.227).
EMG data
Statistical analysis revealed significant distance-effects were found on the following variables during the PBM phase: biceps and brachioradialis mean EMG. The pattern of results mainly indicated that the longer distance resulted in higher mean EMG during the PBM phase. (Table 1) .
Statistical analysis revealed significantly increased EMG activity in high visual gain compared with low visual gain during the PBM phase for the biceps, brachioradialis, and triceps lateral head. There were no significant visual gain×distance interactions in the mean EMG (Table 1) . Fig. 3A shows the ERSP time-frequency plot from a dipole located in the sensorimotor area for one subject. This subject specific data is unique to the sensorimotor area, and clustering with MPA analysis (see Fig. 3B ) can help reduce the dimensionality that occurs with source localization from subjects with varying dipole location distributions. Fig. 3B shows the sensorimotor domain and ERSP time-frequency plots for high and low visual gain conditions across subjects. The locations and nomenclature of domains are based on the Laboratory of NeuroImaging (LONI) project probabilistic atlas (Shattuck et al., 2008) . Fig. 4 contains the time-frequency contrasts for visual gain at each distance for the identified common source domains revealed by MPA and the corresponding Brodmann areas are shown in Fig. 4A and B. Fig. 4A shows a left sensorimotor area domain that is consistent with primary and -somatosensory cortex (BA 2 and 3), primary motor cortex (BA 4) and spatial, and sematic processing cortex (BA 40). Also shown is the statistically thresholded differences between time frequency plots for the visual gains (high vs. low), at each of the three distances (short, medium, and long): high visual gain vs. low visual gain at the short distance, high visual gain vs. low visual gain at the medium distance, and high visual gain vs. low visual gain at the long distance. Statistical analysis revealed that high visual gain had decreased spectral power (i.e. greater desynchronization) in the alphaand beta-band compared to low visual gain during the PBM phase across all distance conditions [t(15)'s, FDR p's≤0.05]. Common timefrequency statistical results are displayed in the Overlap ERSP contrast plot for Fig. 4A . The common overlap results show spectral changes occurring in theta-and beta-band approximately 500 ms after the onset of the PBM phase, and changes in alpha and beta 1000 ms after J.W. Chung et al. NeuroImage 144 (2017) 164-173 the onset of the PBM phase. Fig. 4B shows a parietal area domain that is consistent with BA 31, BA 23, and BA 7 and shows the statistical comparison of timefrequency plots for the visual gains (high vs. low) compared at the three distances (short, medium, and long): high visual gain vs. low visual gain at the short distance, high visual gain vs. low visual gain at the medium distance, and high visual gain vs. low visual gain at long distance. Statistical analysis revealed that high visual gain had decreased spectral power across multiple frequencies compared to low visual gain during the PBM phase across all distance conditions [t(15)'s, FDR p's≤0.05]. Common time-frequency statistical results are displayed in the Overlap ERSP contrast plot for Fig. 4B . The results show common decreases in spectral power across distances occurring in alpha-band at the start of the PBM phase, common decreases in spectral power in alpha-and beta-bands occurring 500 ms after the onset of the PBM phase, and theta, alpha, and beta spectral power decreases occurring 1000 ms after the onset of the PBM phase. Fig. 5 shows the group statistical comparison of connectivity as measured by dDTF from IC located in the medial parietal cortex to the motor cortex for the different visual gains compared across the short, medium, and long distance conditions. Increased connectivity in the high gain versus low gain condition is indicated by red color whereas decreased connectivity is illustrated with blue color [t(15)'s, FDR p's < 0.05]. Statistical analyses revealed increased connectivity in the high gain condition compared with the low gain condition for the short distance in theta-band at movement onset, at the beginning of the PBM phase, and later in the PBM phase. We also observe increased connectivity in high gain versus low gain in the beta-band during the PMB phase for the short, medium, and long distances. When examining connectivity from the left sensorimotor area to the parietal area, there were no statistical differences across gain at all three distances [t(15)'s, FDR p's > 0.05]. This suggests a directionally-specific effect of gain on connectivity from the parietal cortex to the sensorimotor cortex. J.W. Chung et al. NeuroImage 144 (2017) 164-173 
EEG data
Correlation analysis
There were no significant correlations between ERSP and connectivity from parietal cortex to sensorimotor cortex (FDR p's > 0.05). The correlation between RMSE and beta-band of ERSP during the PBM phase at each domain resulted in a significant association. There was a significant positive, and low-moderate correlation between betaband of ERSP and RMSE during the PBM phase at each domain (Domain 1 Rho=0.425; p < 0.001; Domain 2 Rho=0.441; p < 0.001).
Discussion
We investigated how manipulating visual feedback and movement distance relates to cortical dynamics and neuromuscular activity during ballistic movements of the upper limb. We present three novel observations. First, high visual gain resulted in decreased motor error and was associated with increased beta-band desynchronization within parietal cortex and contralateral sensorimotor cortex during the PBM phase when compared to low visual gain. This observation was found across all distances. Second, high visual gain also resulted in increased theta-band and alpha-band desynchronization within parietal and contralateral sensorimotor cortex during the PBM phase. Third, we observed increased beta-band connectivity from the parietal cortex to the sensorimotor cortex during high gain compared with low gain conditions at all distances. These observations were not found from sensorimotor cortex to parietal cortex, suggesting a directionallyspecific nature to the changes in connectivity. These new findings provide support for the interpretation that broad-band oscillations across sensorimotor and parietal cortex coordinate to facilitate accurate upper limb movement.
Beta-band activity and task-related motor performance
Desynchronization represents a decrease in the power of oscillatory EEG activity, and reflects a state of active cortical processing during movement execution and imagery of movements (Gerloff et al., 1998; Fig. 4 . ERSP measure domains as revealed by MPA analysis and time-frequency contrast statistical plots. Section A shows domain 1 in the left motor area as revealed by the MPA analysis, whereas section B displays domain 2 in the medial parietal cortex. For each domain, the bottom panel depicts the ERSP time-frequency plots corresponding to the high gain vs. low gain comparison for each distance (i.e., short, medium, and long). The x-axis denotes time with M 0 representing movement onset, C 0 representing the average onset time of the PBM phase whereas M 1000 represents 1000 ms after movement onset and M 2000 represents 2000 ms after movement onset. The logarithmic y-axis depicts frequencies from 3 to 50 with the major EEG bands, theta, alpha, beta, and gamma labeled. The plots of the bottom panel are color scaled based on the statistical differences from the non-parametric test, where positive values are when high gain is more synchronization, and negative values are when high gain is more desynchronization. The green regions indicate non-significant areas. Also, for each domain, common time-frequency statistical results are displayed in the right upper panel labeled Overlap. Fig. 5 . Spatial distribution of effective connectivity as measured by dDTF. The two ERSP domains for which effective connectivity was measured (left contralateral motor cortex and medial parietal cortex) and the directionality of the connectivity are displayed on the 3D glass brain. The adjacent plots illustrate the dDTF magnitude time-frequency statistical comparison between high and low visual gains across all distance conditions. Plots are color coded based on the significant FDR corrected dDTF values. Red color indicates increased connectivity from the parietal domain to the motor domain in the high gain condition compared to the low gain condition, whereas blue color indicates decreased connectivity from the parietal domain to the motor domain in the high gain condition compared to the low gain condition. Connectivity from the motor domain to the parietal domain was not significant. The x-axis denotes time with M 0 representing movement onset, C 0 representing the average onset time of the PBM phase whereas M 1000 represents 1000 ms after movement onset and M 2000 represents 2000 ms after movement onset. The y-axis depicts frequencies from 0 to 50 with the major EEG bands, theta, alpha, beta, and gamma labeled. Leocani et al., 2001 Leocani et al., , 2000 Ofori et al., 2015; Pfurtscheller and Lopes da Silva, 1999; Szurhaj et al., 2003) . Pfurtscheller and Lopes da Silva (1999) noted that event-related desynchronization or synchronization represents alterations in the activity of local populations of neurons and interneurons in neural networks. Desynchronization has been associated with more efficient task performance, and more cell assembly involvement in information processing (Pfurtscheller and Lopes da Silva, 1999) .
Cortical beta amplitude has been studied as a crucial factor that regulates motor performance within and between trials (Boonstra et al., 2007; Gilbertson et al., 2005; Meyniel and Pessiglione, 2014; Serrien and Brown, 2003; Tan et al., 2014) . For instance, Lin et al. (2012) compared haptic feedback to non-haptic feedback in a visuomotor tracking task and found haptic feedback results in less tracking error with desynchronization in beta-band of the right occipital cortex. Tan et al. (2014) have recently shown with a hand-controlled joystick task that increased beta-band activity may reflect neural processes that evaluate the actual movement performed with the intended movement outcome. The authors indicate that increases in beta-band activity occur in trials with small errors, whereas trials with larger errors had decreases in beta-band activity. The findings from the current study extend the results from Tan et al. (2014) in two novel ways. First, we examined an upper limb movement task, and the changes in error that we induced were due to changes in the gain of visual feedback. Second, we found that increased visual feedback led to increased beta-band desynchronization in the motor cortex and parietal cortex mainly during the PBM phase, which allowed for better motor performance (i.e., to reduce angular error). Visually-guided upper limb movements seem to be performed with the least error when beta-band activity remains decreased during the post-ballistic movement (PBM) phase.
Clinically, increases and decreases in beta-band activity have been studied in people with Parkinson's disease (Hammond et al., 2007; Kühn et al., 2004) . Bradykinesia in patients with Parkinson's disease is correlated with increases in beta-band activity (Hammond et al., 2007; Kühn et al., 2008) . In studies of high-frequency deep brain stimulation of the subthalamic nucleus, Kühn et al. (2008) suggested that deep brain stimulation leads to a reduction of synchronization in the betaband of motor cortex and better task performance. It is theorized that beta-band activity functions to promote the status quo (Engel and Fries, 2010) , or in the current context motor cortex integrates betaband cortical activity from parietal area for accurate motor performance.
Beta-band activity and attentional processing
The posterior parietal cortex, dorsal premotor cortex, and motor cortex play a key role during online motor corrections (Archambault et al., 2015; Battaglia-Mayer et al., 2014) . Our study found a directionally-specific increase in beta-band connectivity from parietal cortex to motor cortex during high visual gain conditions. Dipietro et al. (2014) have shown that the timing of event related potential (ERP) in the frontoparietal network relate to submovements during visually-guided movement. The analysis of the time lag of activity between motor cortex and parietal cortex in primates has revealed that the motor cortex is activated earlier than the parietal cortex during control of hand movement (Archambault et al., 2011) . We extended these studies to consider the result of connectivity between the two cortical domains. In this study, we used the direct directed transfer function with full causal normalization (dDTF) for computing connectivity between motor cortex and parietal cortex, and found that gain affects connectivity only in the direction of parietal cortex to motor cortex. The effect of gain on dDTF was not significant when examining motor cortex to parietal connectivity across all frequencies, suggesting specificity in the direction of connectivity for the influence of visual gain.
It is proposed that beta-band activity increases the sensitivity for visual input during high attentional demanding tasks (Gola et al., 2013) . It has been previously shown that attending to visual information increases local field potentials in primary and medial visual centers in cats (Wróbel et al., 2007) . In addition, work in macaques has shown increased beta-band parietal causal influence to the sensorimotor cortex during a GO/NO-GO visual pattern discrimination task (Brovelli et al., 2004) . In line with previous studies, the current study reports increased beta-band connectivity from parietal to motor cortical areas during the correction phase of the movement for high visual gain conditions. This suggests that during local sustained betaband desynchronization, the motor cortex may be receiving input in the beta-band from the medial parietal cortex. Beta-band in the sensorimotor system may serve as a binding mechanism to achieve the status quo or to enhance motor performance (Engel and Fries, 2010) . Our findings suggest that electrophysiological activity during the task is more than likely functional and the error monitoring system an individual employs must engage distinct cortical areas in order to achieve task goals. We provide new evidence that errors are not a result of momentary fluctuations in brain activity, but rather suggest that errors that manifest in the execution of the descending commands are a result of a mechanism that coordinates domain-specific beta-band activity for tasks that may require additional attentional resources. Findings from the current study are similar to studies that suggest beta-band oscillations play an active role in the motor cortex (Brinkman et al., 2014; Ofori et al., 2015; Pfurtscheller et al., 1994) and reinforce that parietal to motor cortex connectivity is important for sensorimotor integration in contexts with high visual information (Vukelić et al., 2014) . Our findings extend the hypothesis that cortical oscillations in the beta-band are selectively related to attention and beta-band activity and connectivity may serve to select relevant task information. The findings suggest that visual gain affects connectivity from the medial parietal cortex to sensorimotor cortex, and not from sensorimotor cortex to parietal cortex, and thus may reflect a cortical mechanism that is crucial to sensorimotor integration and modulating neuromuscular activity.
Theta-band and alpha-band activity
In addition to observations in the beta-band, we found evidence that high gain led to increased desynchronization in the theta-band and alpha-band ERSP activity at each movement distance (Fig. 4) . The differences in the alpha-band across gain were observed earlier in the overlap analysis in the parietal domain than in the sensorimotor domain. Recent theoretical models for alpha oscillations suggest that alpha event-related synchronization reflects inhibition, and a decrease in the amplitude of alpha-band activity reflects a release from inhibition (Klimesch, 2012) . Ofori et al. (2015) supported this during an upper limb movement task as the authors found alpha-band power decreased during the movement, and the current paper found a similar observation (Fig. 3) . The novel finding here is that visual gain modulated the level of desynchronization, mainly after the ballistic phase of the movement had ended. In the theta-band, Ofori et al. (2015) found that movement acceleration related to theta-band activity in the contralateral sensorimotor domain. The current paper observed the same theta-band synchronization at the beginning of movement (Fig. 3) , but visual gain did not alter the level of theta-band activity at movement onset. It was not until during the PBM phase did we observe that theta-band activity was affected by visual gain. Thus, the current findings suggest a broad-band desynchronization during the PBM phase across theta-, alpha-, and beta-band in the sensorimotor and parietal domains.
Effects of visual gain on neuromuscular activity
The hypothesis that beta-band desynchronization is a mechanism of the motor cortex to mediate neuromuscular activity of the agonist and antagonist muscles can be gleaned from literature on PD and stroke (Bagce et al., 2012; Baroni et al., 1984) . Baroni et al. (1984) have shown that L-dopa treatment increased EMG activity and reduced errors in a ballistic arm movement task. Increased muscle activity during flexion of the index finger to a target was found in stroke survivors in conditions with increased visual gain and low error (Bagce et al., 2012) . The authors also found increased M1 excitability with increased visual feedback. Increased visual feedback typically leads to reduced performance error. Our results suggest that M1 excitability involves not only regional changes in beta-band desynchronization but also changes in connectivity from the parietal cortex. Thus, neurological diseases that exhibit increased movement error may be due to a sensorimotor integration problem that may be a result of altered desynchronization or cortico-cortico connectivity. This selective role of beta-band desynchronization and connectivity of the motor cortex and sensory information highlights its importance in mediating performance error.
In the current study, visual information was used to alter movement error and it was found that movement errors were reduced and the number of zero-crossings increased with enhanced visual information. It is well established that the agonist and antagonist muscle have a burst of activity as the limb approaches the target and complete the 2nd and 3rd phase of the triphasic-EMG pattern (Gottlieb et al., 1996) . The triphasic pattern was evidenced in the current study (Fig. 1) , and the new finding was that the agonist and antagonist muscles displayed increased activity during the PBM phase with enhanced visual gain.
We conclude that the regulation of regional beta-band activity and beta-band connectivity between parietal and motor cortex are critical for individuals to perform well in environments with various scales of visual information. We observed changes in desynchronization in betaband in the left sensorimotor cortex and the parietal cortex. Further, we found that theta-band and alpha-band oscillations had increased desynchronization at high visual gain, suggesting that a broad-band suppression of the oscillations with high gain. This desynchronization occurred after the ballistic movement, and only during the PBM phase. Finally, parietal to sensorimotor cortex connectivity was influenced by visual gain, with high gain resulting in increased connectivity in the beta-band at all distances. Our findings suggest that the motor cortex uses distinct oscillatory, broad-band activity regionally and between relevant cortical networks to optimize motor performance when humans are making corrections. Our findings also highlight the importance of the state of the motor cortex and propose that theta-, alpha-, and beta-band may serve as a binding mechanism for visual information during motor corrections.
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